This paper investigates the time-varying conditional correlation between oil price and stock market volatility for six major oil-importing and oil-exporting countries. 
Introduction
Over the last two decades a greater interest has been born to understand the impact of oil prices on the stock market. Some notable and influential studies have identified that there is a negative relationship between the two markets (see, inter alia, Jones and Kaul, 1996; Nandha and Faff, 2008; Miller and Ratti, 2009 and Chen, 2009 ). On the other hand, researchers argue that a positive relationship pertains to oil-exporting countries, while the adverse interaction only applies to oil-importing countries (see, indicatively, Bashar, 2006; Mohanty et al., 2011 and Wang et al., 2013) .
Furthermore, many financial institutions and investors consider the oil market as a profitable alternative destination since it has low correlation with traditional asset classes and positive co-movement with inflation (see, for example, Kat and Oomen, 2007, and Silvennoinen and Thorp, 2010) . Some authors put a question mark over these views suggesting that the oil market and the stock market could become highly linked due to the recent financialisation of the oil market, which is a result of the increased participation and speculation of hedge funds in the oil market (Byuksahin et al., 2010; Silvennoinen and Thorp, 2010; Tang and Xiong, 2010; Buyuksahin and Robe, 2011; Hamilton and Wu, 2012 and Sadorsky, 2014) .
Overall, despite the increased interest in the stock-oil relationship, the literature has remained relatively silent about the relationship between the stock and oil market volatilities.
It is since the late 80s that Ross (1989) showed that asset price volatility holds important information and thus, volatilities from different markets could affect each other. More recently, Bloom (2009) and Baum et al. (2010) maintain that uncertainty in the oil market generates investment decision delays and, thus, increases stock market volatility. Linking all these studies together, we maintain that stock and oil market volatilities could exercise significant effects to each other.
Even more, the majority of the existing studies investigate the stock-oil relationship in a static environment. However, recent papers provide indisputable evidence that these markets do present dynamic interrelations (see, Bharn and Nikolovann, 2010; Choi and Hammoudeh, 2010; Filis et al., 2011; Filis et al., 2013; Antonakakis and Filis, 2013 and Filis, 2014, among others) . Therefore, the relationship between stock and oil market volatilities could also present heterogeneous behaviour at different time period and thus it should be investigated with a dynamic approach. Thus, the aim of the present study is to investigate the time-varying relationship between stock and oil market volatilities in both oil-importing and oil-exporting countries.
More specifically, the objectives of the present paper are the following: i) to investigate the time-varying conditional correlation between stock and oil market volatilities, ii) to assess if this dynamic correlation is different for oil-importing and oil-exporting countries and iii) to examine changes in the dynamic correlation during major economic and geopolitical events.
To do so we focus on the stock markets of three oil-importing countries (S&P500 index for the US, SSE composite index for China, and Nikkei 225 index for Japan) and oilexporting countries (OSEAX for Norway, S&P/TSX for Canada and RTS for Russia), The results have important implication for risk managers and investors as the correlation of these two asset classes could inform derivative pricing, portfolio rebalancing, as well as, risk management practices.
The rest of the paper is organised as follows. Section 2 provides the review of the literature, whereas Section 3 describes the data used in the study and Section 4 details the methods used. Section 5 analyses the findings and Section 6 concludes the study.
Literature Review
Many researchers claim that the impact of oil price fluctuation on stock returns is indirect and it is transmitted through macroeconomic variables. More specifically, oil is an important production input. Subsequently, any oil price escalation increases production costs, which, in turn, leads to higher prices and thus lower demand and consumer spending (Hamilton 1996 , Huang et al., 1996 , Arouri and Nguyen, 2010 . Lower consumption results in a decreased production and eventually decreases employment (Lardic and Mignon, 2006; Davis and Haltiwanger, 2001) . Accordingly, corporate earnings and dividends, which are key drivers of equity prices, decrease as well (Sadorsky, 1999; Al-Fayoumi, 2009 ).
A major body of empirical literature confirms these adverse effects of oil price changes on stock markets (Jones and Kaul, 1996; Ciner, 2001 and Papapetrou, 2001; Driesprong et al., 2008; Chen, 2009; Miller and Ratti, 2009 ). However, some researchers endorse the notion that this fact is relevant only for the oil-importing countries; whereas positive impacts of oil price movements on stock markets holds for the oil-exporting countries (Sadorsky, 2001; El-Sharif et al., 2005; Bashar, 2006; Boyer and Filton, 2007; O'Neill et al., 2008; Mohanty et al., 2011; Mohanty and Nandha, 2011; Arouri and Rault, 2012; Filis and Chatziantoniou, 2013; Wang et al., 2013) .
On the other hand, some authors provide empirical evidence that oil price changes have little or no effects on stock market returns (Lescaroux and Mignon, 2008; Cong et al., 2008; Apergis and Miller, 2009; Al-Fayoumi, 2009 and Al Janabi et al., 2010) . A plausible explanation of these little or no effects can be found on the fact that economies are able now to battle the economic consequences of oil price changes and thus these effects are not transmitted to the stock market. For example, Filis et al. (2011) state that currently monetary authorities put emphasis on their inflation stability and thus they prevent any inflationary pressures caused by oil price changes. Hence, they minimize the effects of oil price changes in the economy and thus in the stock market. Moreover, the International Energy Agency (2006), as well as Nordhaus (2007) and Blanchard and Gali (2007) suggest that the recent developments on investment, production, wage policies and renewable resources tend to minimise the consequences of oil price changes on the economies, as a whole and on stock markets, in particular.
However, we should not lose sight of the fact that oil price changes could exercise different effects on stock markets, depending on the nature of the oil changes. Hamilton (2009a, 2009b) shows that oil price changes can be triggered by demand-and supply-side events. He explains that demand-side oil price shocks are triggered by changes in the global aggregate demand (e.g. due to China's industrialisation, global recessions), whereas supplyside oil price shocks are generated due to change in global oil supply (e.g. due to OPEC decisions to cut or increase oil production or due to disruptions in the oil supply due to severe weather conditions). Evidence suggests that demand-side shocks exercise positive impacts to economic activity compared to the negative effects of supply side shocks. Additionally, Kilian (2009) identified a third oil price shock by disentangling the demand-side shock into aggregate demand shocks (which is the same as Hamilton's demand-side shock) and the precautionary oil demand shock, which reflects the uncertainty about the future availability of oil. The later shock is triggered by events such as war conflicts in the Middle East or terrorist attacks. Overall, it is evident that all three oil prices shocks are directly related to major economic and geopolitical events. Kilian and Park (2009) shows that stock markets respond positively to aggregate demand shocks, whereas a negative response in observed in the case of precautionary demand shocks. Additional empirical evidence suggests that a positive correlation exists between positive aggregate demand shocks and financial or economic returns, whereas the reverse is true for positive precautionary demand and supply-side shocks (Lescaroux and Mignon, 2008; Kilian and Park, 2009; Apergis and Miller, 2009; Filis et al., 2011; Basher et al., 2012; Baumeister and Peersman, 2012; Chen et al., 2014) . Furthermore, many researchers consolidate the concept that supply-side shocks do not exercise any effect on economic activity or financial markets (Barsky and Kilian, 2004; Kilian, 2008; Hamilton, 2009; Filis et al., 2011; Sadorsky et al., 2012; and Degiannakis et al., 2014) .
These past studies focus on stock market returns and oil price returns (or shocks).
Nevertheless, the interaction between the oil market and the stock market may potentially occur through their volatilities (Huang et al., 1996) . An early study on the effects of oil price volatility on the stock market is this by Sadorsky (1999) . His findings reveal that oil price volatility tends to have asymmetric effects on the US stock market returns, showing that the impact of the positive shocks in the oil price volatility exerts a significantly greater impact on US stock returns, compared to the negative shocks. More recently, Park and Ratti (2008) also suggest that oil price volatility contributes negatively to changes in stock returns in the US and in thirteen European countries. However, this finding does not hold true for the Norwegian stock market, which seems to respond positively to increases in oil price volatility, possibly due to the fact that Norway is a major oil exporter. Ratti et al. (2011) seconds these findings. Furthermore, oil price shocks, and more specifically the aggregate demand shocks also impact stock market volatility, as Degiannakis et al. (2014) show.
Despite the few studies that concentrate on oil market or stock market volatility, there is no evidence on the relationship between the volatilities of the two markets. This study aims to fill this void. Even more, we examine the aforementioned relationship in a time-varying environment. This choice is justified by the fact that an emerging strand in the literature has shown that the relationship between the oil and stock market returns is indeed dynamic (see, Aloui and Jammazi, 2009; Choi and Hammoudeh, 2010; Bharn and Nikolovann, 2010; Filis et al., 2011; Broadstock et al., 2012; Sadorsky, 2012; Broadstock and Filis, 2013; Chang et al., 2013; Antonakakis and Filis, 2013; Filis, 2014) . Broadstock and Filis (2013) extend this strand of the literature focusing on the dynamic relationship between each of the three oil price shocks, which are identified by Kilian (2009) and the stock market returns of the US and China. Using a Scalar-BEKK model they find that the US stock market seems to have greater correlation over time with oil price shocks compared to Chinese stock market returns. Furthermore, they show that the correlation fluctuates in both the positive and the negative regions, depending on the period. Finally, Filis (2014) also uses a Scalar-BEKK model to examine the dynamic co-movements between stock market returns and oil price shocks for six oil-importing and two oil-exporting countries. The findings of the study second those by Broadstock and Filis (2013) .
Overall, this study extends the literature in the oil-stock relationship focusing on the time-varying correlation between the volatilities of the two markets for both oil-importing and oil-exporting countries. Thus, we posit the following hypotheses:
Hypothesis 1: The relationship between the volatilities of the oil and stock markets is timevarying.

Hypothesis 2: There is a difference in the time-varying volatility correlations in oilimporting and oil-exporting countries.
Finally, given that the literature has shown that the relationship between oil and stock market could exhibit a heterogeneous pattern during economic and geopolitical events, we posit a third hypothesis, as follows:
There is a heterogeneous behaviour of the time-varying volatility correlations during period of economic and geopolitical uncertainty.
Data Description
We use daily closing prices for the Brent crude oil price and six stock market indices over the period from January 2000 through to December 2014, in order to construct their monthly volatilities. The six market indices represent three oil-exporting countries (TSX (Canada), RTS (Russia), OSEAX (Norway)) and three oil-importing countries (S&P 500 (the US), SSE (China) and Nikkei 225 (Japan)). The Brent crude oil price is used for analysis as the prices generated in the Brent basket compose the main price benchmarks on the basis of which 70 percent of international trade in oil is directly or indirectly priced (Fattouh, 2011) . All variables are expressed in US dollar terms.
The data for the Brent oil price have been obtained from the Energy Information Administration, whereas the data for stock markets has been retrieved from DataStream ® .
The daily oil price and stock index returns were generated as the first log-difference, ( ), where reflects the daily closing price at the given time t.
The choice of countries in our sample is motivated by the fact that they are all among the largest oil importers and oil exporters. Section 3.1 and 3.2 provides some details for the oil sectors of the chosen countries.
Oil-importing countries
The three oil-importing countries in our sample are Japan, China and the US. According to data provided by OPEC (2014), China's net oil imports were 5.7 million barrel per day in 2013, while the US imported 7.7 million barrel per day, being the world's second and first largest oil importers respectively. Nevertheless, an EIA's report (2013) claims that it is expected that China's net oil imports would surpass the net oil imports of the US on annual bases by the end of 2014. To a large extent this is due to the US have increased its own production, while China has been involved in oil consumption growth despite the fact that slower economic activity is observed.
Japan is the third largest oil consuming and importing country. The country's net imports of crude oil not counting domestic oil production remained 4.4 million barrels per day in 2014. Nonetheless, Japan experienced a dramatic increase in oil imports after the Fukushima incident and earthquakes in the middle of 2011. The loss of nuclear power generating plants led to use crude oil for direct burning in electricity plants (EIA, 2015) . On the other hand, the Japanese government maintains control of oil stocks to guarantee stable crude oil imports in the event of supply disruption. For example, Japan signed contracts with oil-exporting countries to lease oil storage for 12.6 million barrels in 2015, and uses strategic oil storage in Japan for 420 million barrels (International Energy Agency, 2014 ).
In the current research, the Japanese, Chinese and the US stock market indices are represented by the Nikkei 225, Shanghai Composite and the S&P 500, respectively.
Interestingly enough since the earthquakes and the difficulties of the economic activity in Japan, its stock market moved from the world's best performing stock market to the most volatile one (Harlan, 2013).
Oil-exporting countries
Regarding oil-exporting countries, Norway is the largest oil exporter in Europe. The The 5 million oil barrels per day that the Russian Federation exports to the world account for the 33% of Russia's total export revenue. The country ranks third among the world's top net oil-exports after Saudi Arabia and the US (EIA, 2014). According to Bhar and Nikolova (2010), Russia's economic growth is mostly driven by its energy sector and in particular its revenue from oil and gas sales. The stock market index that we focus on in the study is the RTS index, which contains the fifty largest companies listed on the Moscow Exchange (the majority of equities in the index pertain to oil and gas industry).
Model Framework
We investigate the relationship between the volatility of oil price and stock market returns. Nonetheless, it is first required to estimate the respective volatilities.
Estimation of volatility
Conditional volatility
Oil and stock market volatilities are presented as conditional volatilities, which can be defined as a conditional standard deviation of returns based the most recent available information. For example, the stochastic process for log-returns, , can be described by conditional movement given the information set denoted as ( ) . In this context, is represented with the volatility of returns at the time .
We implement the standard GARCH model proposed by Bollerslev (1986) to generate conditional volatility of daily log-returns. However, despite the fact that the GARCH model has its own drawbacks, it provides the simple but successful way to capture volatility clustering (see Hansen and Lunde, 2005) 1 . The univariate GARCH(p,q) model is estimated under assumption of a Student t distribution:
(1)
where is the demeaned return at time , is the conditional variance at time , represents the sequence of identically distributed standardized residuals and ( ) is the Student t density function, are parameters of the model and are the lag orders.
The parameters and are non-negative, where whereas is the degrees of freedom. The reason of using Student t distribution is that GARCH models often have an issue in capturing the thick tails property of financial time series and it is recommended to apply non-normal distributions to better model this excess kurtosis (Bollerslev, 1987; Kaiser, 1996; Beine et al., 2000, and Peters, 2001 ) 2 .
The current research focuses on monthly conditional volatility, which is calculated by summing the daily conditional variance. Merton (1980) has introduced the concept of applying high frequency data to capture the volatility at lower frequency. Furthermore, empirical evidence suggests that GARCH models with high frequency data provide accurate 1 We have also considered an asymmetric power ARCH (APARCH) model for the estimation of conditional volatility, as in Degiannakis et al. (2014) . The results of the time-varying correlations based on the APARCH conditional volatilities are qualitatively similar and available upon request. 2 We have tested for auto-correlation, heteroscedasticity and the adequacy of the Student t distribution and the test statistics confirm the validity of our model specification. The lag orders p,q were selected according to the SBC criterion of Schwarz (1978) . We have also tested for ARCH effects on the monthly volatility series and the results are highly statistically significant. volatility estimation (Andersen and Bollerslev, 1997 and 1998) . Consequently, the annualized monthly conditional volatility ( ( ) ) is calculated as the square root of the sum conditional variances:
where is the daily conditional variance and is the number of trading days of a month.
Realized volatility
We also consider the realized volatility measures for both oil and stock returns. The construction of realized volatility measures is based on the idea that higher frequency data can be used to compute volatilities at lower frequencies (Merton, 1980) .
For this study we measure the monthly realized volatility, dividing the monthly time period in equidistance trading days (j). Thus, the annualized realized volatility of month , or ( ) , is computed as follows:
where is the natural logarithm of the daily oil or stock market prices at trading day j.
Given that realized volatility will be higher in the months that have more trading days (even if the volatility does not change), we scale ( ) with √ ⁄ .
For brevity we report only the findings from the conditional volatility as the results from realized volatilities are qualitatively similar.
Estimation of conditional correlation between volatilities
The aim of this study is to investigate the time-varying correlation between the volatilities of oil and stock market returns. Thus, there is no intention either to disentangle the oil price shocks or to examine exogenous variables that could have an impact on the volatilities of the two markets.
In this study we employ a BEKK-family model (Baba et al., 1991; Engle and Kroner, 1995) for the estimation of the time-varying correlation 3 . According to Broadstock and Filis (2013) and Filis (2014) in their studies stated that the BEKK model may be superior to DCC and, thus, it is preferred. More specifically, they base their argument on two papers by McAleer (2008, 2012) who reveal that DCC does not deliver an accurate dynamic correlation, as opposed to the BEKK model that it does. Furthermore, the current study uses a Diag-BEKK, given that the low sample size requires a more parsimonious model. The estimation parameters of the Diag-BEKK are ( ( )) , where is the dimension of the model; i.e. the number of dependent variables and l and k are the lag orders.
The Diag-BEKK model provides assurance of positive definiteness of the conditional covariance (correlation) matrix with few parameters of estimation 4 .
Following with the previous section of GARCH model application, the time-varying correlation framework conducts a bivariate Diag-BEKK specification under the Student t
where, [ ] is the mean value, is the information set at a given time and the bivariate vector [
] denotes the stock return volatility and the volatility in oil price returns 6 . The variance-covariance matrix of the Diag-BEKK(l,k) is defined as follows: 
Findings and Analysis
Preliminary analysis and descriptive statistics
Figure 1 exhibits the evolution of the volatility series for all our variables. The top panel depicts the oil price volatility, whereas the next two panel focus on the stock market volatility of the oil-importing and oil-exporting countries, respectively.
[
FIGURE 1 HERE]
There is a distinct episode that emerges from Figure 7 The aim of the study is to solely examine the time-varying correlations between oil and stock market volatilities and we do not focus on their spillover effects. If we were interested on spillover effects, then it would be more appropriate to use models such as a VARMA-GARCH. 8 We have tested for the adequacy of the Student t distribution and the results confirm the validity of the proposed model specification. The lag orders k,l were selected according to the SBC criterion.
Turning to the volatilities of the stock markets, Figure 1 shows that stock market volatility for oil-exporting countries are more volatile compared to oil-importing countries.
Furthermore, we notice that the volatilities of oil-exporting stock markets appear to have more homogeneous patterns compared to those of the oil-importing countries. A distinct observation is the increase in the volatility of the Russian index during 2014, which is related to the instability in Ukraine. Concerning the oil-importing countries, it is important to note that the Chinese stock market did not show a significant increase in its volatility during the global financial crisis compared to the other markets, possibly due to the fact that the Chinese economy was significantly more resilient to the crisis compared to the other countries in our sample. Table 1 shows the descriptive statistics of the series. From Table 1 we notice that the highest average volatility can be observed in Russian stock market (RTS) followed by the oil price volatility, while the lowest average is in the US stock index (S&P500). This is somewhat expected given the fact that the Russian stock market is still an emerging market, whereas the US is the largest mature market in the world. Concerning standard deviation, it seems that oil-exporting countries exhibit a more volatile behaviour in their volatilities compared to oil-importing countries. Similar observations were made in Figure 1 , as well.
[TABLE 1 HERE] In terms of distributions, estimated conditional volatility for oil price and stock markets are positively skewed, representing that positive values are more likely and there is movement from symmetry by a longer tail on the right side of the probability density function. Regarding kurtosis, all variables demonstrate a leptokurtic distribution, as kurtosis is much higher than 3 and indicates a larger possibility of extreme movements in the time series. Moreover, the Jarque-Bera test rejects the null hypothesis of normal distribution at the 1% significance level for all volatilities. Finally, the ADF test shows that all volatility series are stationary. All assumptions tested for conditional volatility show the adequacy of applying the Diag-BEKK model.
Finalising this preliminary analysis, it would be interesting to examine the unconditional correlation between the oil and stock market volatilities (see Table 2 ).
[ However, it can be noted that oil prices volatility is more correlated with oil-exporting countries rather than oil-importing countries. Namely, the Canadian (TSX) and Russian (RTS) stock volatilities have the highest positive correlation with oil price volatility, 0.604 and 0.586, respectively. On the other hand, the Chinese stock market (SSE) volatility has the lowest correlation with the oil price volatility (0.033). A plausible explanation of the later observation can be found in Broadstock and Filis (2014) where they show that the Chinese stock market is resilient in the fluctuations of the oil prices. Nevertheless, given that a number of events (either economic or geopolitical) took place during the year 2000-2014, as noted in Figure 1 , it should not be expected that the correlations of Table 2 would hold for the whole period. Thus, we proceed with the examination of the dynamic conditional correlation, which will shed more light on the actual relationship of these volatilities. Table 3 Regarding the estimations of the mean and variance equations of the Diag-BEKK model, it has been found that coefficients are highly significant for all six stock market indexes.
Empirical results on dynamic conditional correlation
[TABLE 3 HERE]
Figures 2 and 3 present the time-varying correlations for oil-importing and oilexporting countries, respectively. The time-varying correlations indicate that, whether it is an oil-exporting country or oil-importing country, the dynamic correlation between oil and stock market volatilities fluctuate in both the positive and negative region, although in most cases positive correlations prevail. This is suggestive of the fact that the positive unconditional correlations which were observed in Table 1 are not adequate the reveal the true relationship among the series. Furthermore, a preliminary look at Figures 2 and 3 suggests that there are no significant differences between the correlations of the oil-importing and oil-exporting countries. Nevertheless, it is appropriate to examine the time-varying conditional correlation for each country by analysing its behaviour during major economic and geopolitical events.
[FIGURE 2 HERE]
[FIGURE 3 HERE] when the rapid economic growth of emerging countries, particularly of China, led oil prices in unprecedented levels. The time-varying correlation at the period is highly positive for both the US and Japan, yet a moderate negative correlation is recorded in the case of China. This is a rather interesting finding, given that during 2006-2007 oil volatility is very low and one would expect the same for the Chinese volatility, given the incredible growth that the Chinese economy was experiencing then. On the contrary the period 2006-2007 is very volatile for the SSE index mainly due to the valuation methodology of Chinese stock market, which was integrated with international standards for the first time but also due to a split share structure reform and the sustainable growth of listed companies (Yao and Luo, 2009; Cheng and Li, 2014) . The empirical findings by Broadstock et al. (2012) demonstrate substantially similar fluctuations in the correlation between oil price and stock market returns for this period.
The case of the oil-importing countries
Correlations for the oil-importing countries reach a peak during the global financial crisis of 2007-2009, which is expected given the uncertainty that the Great Recession caused not only in the stock markets but also in the oil market. Once again China is exhibiting a somewhat different magnitude as its correlation does not reaches the value of 1 during the peak of the financial crisis, as it is the case with Japan and the US. This is explained by the fact that the Chinese stock market volatility did not exhibited a huge increase during this period, as the Chinese economy on one hand slowed down but on the other hand it did not enter into recession.
The period of 2011-2014 is associated with continues unrest in the Middle East, which was initiated with the Arab Spring and continued with the civil wars in Libya and Syria, as well as, with turbulence in Egypt, Yemen and Bahrain, among other countries.
During these three years the correlations are mainly positive for all markets, apart from the middle of 2013 when the correlations for China and Japan turn to a negative sign. This finding is rather interesting, as the positive correlations observed in Figure 2 are not due to synchronous increases in the volatilities of these markets, but on the contrary due to the simultaneous downward trend in their volatilities. This is somewhat unexpected given that Middle East conflicts have traditionally caused precautionary demand shocks in oil prices, which are uncertainty bearing shocks and thus volatilities (especially for the oil prices) would be expected to increase. Nevertheless, this could point out that markets (either oil or stock) are more sanguine about geopolitical risks.
At the end of our sample period we observed a spike in oil volatility (see Figure 1 ). This is due to the collapse of the oil prices during the second half of 2014. Oil price declined for two main reason. First, economic activity was weak, which resulted in a decrease in oil demand. More importantly, though, there was no reaction from OPEC to decrease. Even more, the crisis in Ukraine contributed further to the spike in oil price volatility. The timevarying correlation exhibit a declining pattern during the latter part of 2014, suggesting that these events are mainly oil specific and they did not impact the stock markets of the three oilimporting countries, in our sample.
Overall, it is clear that the conditional correlation of the Chinese stock market has lower values compared to Japan and the US. Broadstock et al. (2012) and Nguyen and Bhatti (2012) also claim that the Chinese stock market index does not receive a significant impact oil prices, especially until the global financial crisis. A plausible explication could be found in the fact that China had a stable economic growth 2007 and thus the country was able to absorb the changes in oil prices. Furthermore, this finding can be explained by the fact that China's stock market was mainly driven by internal factors until the global financial crisis, whereas the continuous urbanisation and industrialisation of China leads its stock market to become significantly more influenced by international factors (Broadstock and Filis, 2014) .
This could also explain the fact that SSE volatility fluctuates more closely with the other two volatilities in the post-global financial crisis period.
The case of the oil-exporting countries
Turning to the time-varying conditional correlations between oil price volatility and stock market volatility for oil-exporting countries (see Figure 3) we notice that, contrary to the oil-importing countries, they tend to exhibit more negative correlations (especially the cases of Norway and Canada). This is a first indication that indeed the behaviour of the correlations is different for the oil-importing and the oil-exporting countries. correlations are negative for Norway and Canada. According to Bhar and Nikolova (2010) , the Russian stock returns and volatility are driven by high oil prices and a strong global oil demand, since the stock represents the majority equities that relate to the oil and gas industry.
Consequently, it can be concluded that this could be the reason why the Russian stock market exhibits a constant positive correlation during these years.
The next period which is linked to a prolonged period of geopolitical unrest in the Middle East (2011-2014) reveals strong positive correlations for three oil-exporting countries for the largest part of the period, which are similar to these of the oil-importing countries, although the magnitude is higher. It is worth noting, though, that during the early part of this period correlations for Norway and Canada are moderately to strongly negative.
Finally, it is worth noting that the volatility correlations exhibited a decreasing pattern during the latter part of 2014 for all three countries, as in the case of the oil-importing countries.
Discussion of the results and concluding remarks
The current research sheds light on the dynamic conditional volatility correlation between the oil and stock markets by comparing the oil-importing and oil-exporting countries. Our sample period runs from January 2000 until December 2014 and a Diag-BEKK is used for the estimation of the time-varying correlations. This study focuses on the realized volatility, as this has been estimated by a GARCH(1,1) model. Overall, our findings confirm our first hypothesis and complement the past empirical evidence, which focus on oil and stock market returns and suggests that the relationship between the oil and financial markets does not remain constant but rather it behaves heterogeneously over different time periods (Bharn and Nikolovann, 2010; Choi and Hammoudeh, 2010; Filis et al., 2011; Filis et al., 2013; Antonakakis and Filis, 2013 and Filis, 2014) . Table 4 Wang et al. (2013) and Kang et al. (2015) , among others, which suggest that different oil shocks trigger different responses from the stock markets. Nevertheless, our results regarding the supply-side shocks cannot confirm the previous evidence, which suggests that these oil price shocks tend not to have any effect on financial markets (Filis et al., 2011; Sadorsky et al., 2012; and Degiannakis et al., 2014) . This last finding allows us to confirm our third hypothesis, which suggests that correlations change during different economic and geopolitical events.
We should not lose sight of the fact, though, that in most cases the correlation is positive, although of different magnitude. Thus, the argument put forward by authors, such as Byuksahin et al. (2010) , Silvennoinen and Thorp (2010) , Tang and Xiong (2010) , Byuksahin and Robe (2011), Hamilton and Wu (2012) and Sadorsky (2014) , among others, that the speculation and the financialisation of the oil market resulted in an increased correlation between the oil market and the stock market, can be also confirmed in this paper. However, this holds primarily for the oil-importing countries, as these are the countries that mainly exhibit positive correlations between their volatilities and oil price volatility for almost the whole time period.
Since volatility is considered as a key element of financial instruments, our findings are important for investors who are seeking to consider the oil market as part of their portfolio of investments. Furthermore, these results are important for derivative pricing, given that volatility is a key component. Finally, our findings should be considered when investors or financial managers make decisions related to risk management and portfolio rebalancing between the two markets.
For further research, it would be interesting to examine the dynamic volatility correlations between oil and industrial sectors. Finally, given the raising importance of other commodities in portfolio construction, further studies should focus on the time-varying correlations between volatilities of different asset classes and commodities. 
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